In this study, quantitative structure-activity ⁄ property models are developed for modeling and predicting both MEK inhibitory activity and oral bioavailability of novel isothiazole-4-carboxamidines. The models developed are thoroughly discussed to identify the key components that influence the inhibitory activity and oral bioavailability of the selected compounds. These selected descriptors serve as a first guideline for the design of novel and potent MEK inhibitors with desired ADME properties.
Big pharmaceutical companies have shown great interest in the area, and several MEK inhibitors have now entered clinical development. MEK inhibitors are the first highly selective inhibitors of the MAPK (Mitogen Activated Protein Kinase) pathway to enter the clinic, while data show promising hints that suppression of the MAPK pathway can be achieved within acceptable toxicity levels. The objective of many studies is the identification of small molecule, potent MEK inhibitors that are beneficially applied to the treatment of certain forms of cancer, with preference given to those molecules that possess good ADME (Absorption Distribution Metabolism Excretion) properties (5-7).
We have used both MEK inhibition and oral bioavailability data for 47 isothiazole-4-carboxamidines (8) . Isothiazole derivatives constitute a very important group of biologically active compounds that have recently gained attention as potent MEK inhibitors (9) . Our aim is the identification of novel series of potent MEK inhibitors with favorable oral bioavailability. ADME properties and especially oral bioavailability are crucial for a molecule to be considered as an orally active drug. Oral bioavailability is one of the most difficult obstacles that a drug candidate faces. It is estimated that poor oral bioavailability is responsible for 40% of all drug failures. As such, it is very important to identify among active compounds those that are more likely to be orally active in humans (10) .
We have developed quantitative structure-activity relationship (QSAR) models and searched for the most important descriptors that would help in the optimization of chemical structures as far as maximizing the activity and optimizing the ADME properties are concerned. The high oral bioavailability prediction will be used as an additional criterion for distinguishing among the most active compounds.
Materials and Methods

Data set
The chemical, biological, and bioavailability data that were used in this study have been presented by El Abdellaoui et al. (8) in their recent work (Tables 1-3 ). Different descriptors have been calculated to account for chemical, physicochemical, electronic, and quantum characteristics of compounds. All the descriptors were calculated using Chem3D a , MOPAC2007 b , and Topix c . After removing useless descriptors by using the unsupervised attribute filter provided by Weka (11) in total 141 physicochemical constants, topological and structural descriptors (Table 4) were finally consid-ered as possible input candidates to the model. Before the calculation of the descriptors, the structures were fully optimized using PM6 method in MOPAC2007 suite that, as proposed in literature, offers a good balance between computational speed and accuracy (12, 13) .
Variable selection -support vector machine regression Before running the modeling methodology, the most significant attributes among the 141 available were preselected by using CfsSubset variable selection and BestFirst evaluator, which are included in Weka (11) . Correlation-based feature subset selection (CfsSubset) algorithm evaluated the worth of a subset of attributes by considering the individual predictive ability of each feature along with the degree of redundancy between them. Subsets of features that were highly correlated with the class while having low intercorrelation were preferred. The attribute selection mode was set to 10-fold cross-validation.
A great variety of the machine learning methods have been applied in QSAR studies (14) (15) (16) (17) (18) , and the best approach for a specific 
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Chem Biol Drug Des 2010; 76: 397-406problem needs to be explored. We considered Support Vector Machine regression (SVMreg) methodology as the machine learning method combined with the variable selection method previously described for performing regression to our available dataset. Support Vector Machine (SVM) was proposed in 1963 by Vapnik et al., (19) and was shown as an effective tool for solving classification and regression problems.
For this work, we have used SVMreg methodology using the polynomial kernel with the complexity parameter c equal to 1. The training data were normalized, and the learning algorithm RegSMOimproved was chosen (20) .
Model validation
The models that performed best in predicting MEK inhibition and oral bioavailability were validated using external validation and cross-validation methods (21, 22) . External validation was applied, by randomly splitting the dataset into training and validation set in a proportion of 4:1. Thirty-eight compounds were used in the training set, and the remaining nine were used in the test set and were not involved by any means in the training procedure. Regarding crossvalidation, both 10-fold cross-validation and leave-one-out (LOO) cross-validation methods were applied. The following statistical criteria were used to assess the robustness, reliability, and predictive activity of the model: the coefficient of determination between experimental values and model predictions (R 2 ) and root mean square error .
Applicability domain
Similarity measurements were used to define the domain of applicability of the two models based on the Euclidean distances among all training compounds and the test compounds (23, 24) . The distance of a test compound to its nearest neighbor in the training set was compared to the predefined applicability domain (APD) threshold. The prediction was considered unreliable when the distance was higher than APD. APD was calculated as follows:
Calculation of <d> and r was performed as follows: first, the average of Euclidean distances between all pairs of training compounds was calculated. Next, the set of distances that were lower than the average was formulated. <d> and r were finally calculated as the average and standard deviation of all distances included in this set. Z was an empirical cutoff value and for this work, it was chosen equal to 0.5.
Results and Discussion
The original dataset of 47 compounds was randomly partitioned into training and validation set consisting of 38 and 9 compounds, respectively. This random partitioning was performed separately for MEK inhibition activity and oral bioavailability, resulting in different training and test sets for the two end-points. The test compounds for MEK inhibition activity and oral bioavailability are clearly indicated in Tables 1-3. The CfsSubset variable selection with BestFirst evaluator method (which is included in WEKA platform) was then applied on the training data to select the most significant, among the 141 available descriptors. Six descriptors (namely NCCSgl, KiInf7, KiInf8, KiCP44, AtomCompMean, and AtomCompTot) were selected as most important to describe the MEK inhibition activity, and seven descrip- tors (dipole, TopoJ, ChiInf0, KiCP36, Ki8, ChiCP49, and AtomCompMean) were selected for oral bioavailability. The training data (selected descriptors and end-point values) were normalized in the range [)1,1], before the final step of the modeling procedure, which was the application of the SVMreg methodology. The produced models predict the normalized end-point value of a specific compound (MEK inhibition activity or oral bioavailability) as a linear combination of the normalized values of the respective descriptors.
The coefficients (weights) of the two linear models are shown in Tables 5 and 6 .
The experimental values and the model predictions for both training and validation examples are shown in Tables 1-3 . Figures 1 and 2 present plots of experimental versus predicted values of MEK inhibition activity and oral bioavailability, respectively. Validation of the models was performed using the techniques mentioned in the previous section. The corresponding statistics, presented in Table 7 , illustrate the accuracy, significance, and robustness of the produced models.
The chemical meaning of the descriptors used in the development of each model is briefly discussed later.
Information indices (ChiInf0, KiInf7, KiInf8, AtomCompMean, and AtomCompTot) encode information on the adjacency and distance of atoms and the atomic composition in the molecular structure (25) (26) (27) (28) (29) . Topological information indices (ChiInf0, KiInf7, KiInf8) are graph theoretical invariants that view the molecular graph as a source of different probability distributions to which the information theory is applied. These indices have several advantages such as unique representation of the compound and high discriminating power (isomer discrimination). Information connectivity (Chinf0, KiInf7, and KiInf8) indices are based on the partition of the edges in the graph according to the equivalence and the magnitudes of their edge connectivity values.
Total information content on atomic composition AtomCompTot (I AC ) was calculated from the complete molecular formula, hydrogen included, using the following equation:
The mean information content on atomic composition AtomCompMean (I AC ) is the mean value of the total information content and can be calculated using the following formula:
where A h is the total number of atoms (hydrogen included), A g is the number of equal-type atoms in the gth equivalence class, and p g is the probability of randomly selecting a gth type atom (30) (31) (32) (33) (34) .
Dipole (DPL) is the electric dipole moment. The electric dipole is a vector quantity, which encodes displacement with respect to the center of gravity of positive and negative charges in a molecule. The DPL encodes information about the charge distribution in molecules and is important for modeling polar interactions. Large substituents decrease DPL value, which is not desirable. 
MEK inhibition activity
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Topological indices such as Balaban index (TopoJ) and Ki8 are based on the two-dimensional representation of the molecule and give information about the atomic composition of a compound, the presence and character of chemical bonds, and the connectivity between atoms. Balaban index is one of the most discriminating molecular descriptors, and it is defined in terms of sums over each row of the distance matrix (35) .
The number of single bonds (NCCSgl) accounts also for the presence of the saturated carbon-carbon bonds in the molecule and indicates that unsaturated bonds are desirable for an enhanced activity (27) .
KiCP44, KiCP36, and ChiCP49 are cluster-path subgraph descriptors. Molecular subgraphs are subsets of atoms and related bonds that represent molecular fragments and functional groups. There are four commonly used subgraph types: path subgraph, cluster subgraph, path-cluster subgraph, and chain subgraph (or ring) emphasizing different aspects of atom connectivity within the molecule. They are defined according to the following rules: (i) if the subgraph contains a cycle, it is of type chain, (ii) if all vertex degrees in the subgraph are either greater than 2 or equal to 1, the subgraph is of type cluster, (iii) if all vertex degrees in the subgraph are either equal to 2 or 1, the subgraph is of type path, otherwise (iv) the subgraph is of type path-cluster. The order of a subgraph is the number of edges within it. An index with an order 3 for path refers to a path of length 3, and an index with an order 3 for cluster refers to a 3-edge cluster (27) . Based on the weights for cluster-path descriptors, the presence of a subgraph containing a cluster of order 4 combined with path of order 4 contributes negatively to the MEK inhibition activity, and as such this subgraph is undesirable. On the contrary, the presence of a subgraph containing a cluster of order 4 combined with path of order 9 and the presence of a subgraph containing a cluster of order 3 combined with path of order 6 contribute positively to the oral bioavailability. 
As shown from Tables 5 and 6, the aforementioned descriptors have different weights that influence the increase or decrease in MEK inhibition activity and oral bioavailability. Based on the previous discussion and the positive or negative influence of each descriptor, new derivatives with enhanced activity and desired oral bioavailability can be designed.
The APD was defined for all compounds that constituted the training sets for MEK inhibition and oral bioavailability models as described in the Materials and Methods section. As all validation compounds fell inside the domain of applicability for both models, all model predictions for the external test set were considered reliable. The results are presented in Tables 8 and 9 .
With the model in hand, we screened an in-house library of 107 isothiazoles (36) (37) (38) (39) in the hope that new isothiazole targets could be identified. The model gave a wide range of predicted activities ()5.377 to )0.041); however, all predictions were outside the domain of applicability (134.188-22.445, threshold of 10.968).
Of the 107 isothiazoles, we chose initially 3,4,5-triphenylisothiazole 1v as a starting point for virtual modifications in the hope that theoretical structures of improved activity within the domain of applicability could be identified. 3,4,5-Triphenylisothiazole (1v) gave a good predicted activity ()1.277), and its domain of applicability (43.466) was deemed workable. Furthermore, this compound and analogs can be readily prepared (38) and provide a large carbon periphery providing multiple sites for structural modification.
Initially substituents were introduced on the 4-phenyl substituent, and an immediate reduction in the domain of applicability was observed (Table 10 ). In particular, the introduction of alkylamino or carboxamide groups gave acceptable domains of applicability without affecting significantly the predicted activities.
The carboxamide 7v was arbitrarily chosen for further structural modification. We note that isothiazoles 2v-6v and 8v could also have been taken as viable scaffolds. The introduction of heteroatoms to separate the phenyl substituents from the isothiazole at C3 and C5 could facilitate the synthesis, as these sites are known to be electrophilic and thus favor modification by nucleophilic substitution. Structures 9v-14v were predicted to have comparable activities and were well within the domain of applicability (Table 11 ).
The model indicated that raising the oxidation level of the exocyclic sulfide to the sulfoxide was acceptable, while increasing to the sulfone was not favorable. Interestingly, switching from the phenylsulfoxide to the ethylsulfoxide showed a good increase in predicted activity within the domain of applicability. Repeating the sequence of structural modifications with the C5 phenyl gave the 3-(ethylsulfinyl)-5-(ethylthio)isothiazole 19v and the 3,5-bis(ethylsulfinyl)isothiazole 20v with predicted activities of )1.135 and )1.150, respectively (Table 12) .
Taking the isothiazole 20v as a new starting point, the aryl ring at C4 was modified further by exchanging CH for N. The model tolerated this modification providing pyridyl, pyrimidyl, and 1,3,5-triazinyl C4 substituted isothiazoles with overall good predicted activities well within the required domain of applicability (Table 13) . It was worth noting that the position of the nitrogen made little difference; however, increasing the number of nitrogens to give the 1,3,5-triazinyl analog 28v gave the theoretical structure with the best predicted activity ()0.912).
Finally, at this stage, we switched the C3, C4, and C5 substituents of isothiazole 28v to see whether the actual substitution pattern made any significant difference in the predicted activity. As can be seen in Table 14 , the model could not differentiate readily the isomers 28v-30v.
In the manner demonstrated earlier, the model can be used to rapidly identify additional theoretical scaffolds. It is worth noting that modifications should be based on synthetically viable targets.
The synthesis and study of the active virtual compounds would be required to truly validate the model and as such is a worthy pursuit, but this is outside the scope of this present paper. It must therefore be noted that the virtual screening study acts only as an aid in proposing structural modifications to assist ongoing SAR (Structure Activity Relationship) studies. The high biological activities predicted are only indicative of which structures should be targeted for synthesis on the basis that they meet or approach the optimal values for the chosen descriptors for the given model.
Conclusion
In this paper, the key components of the isothiazole scaffold that influence MEK inhibition and oral bioavailability have been identified. QSAR models that quantitatively describe and predict the relationship between structural characteristics, activity, and bioavailability have been developed and validated. Descriptors such as NCCSgl, KiInf8, KiCP44, AtomCompMean, and AtomCompTot, which characterize the chemical entities, were found to be directly connected to MEK inhibition. Additionally, descriptors such as dipole, TopoJ, ChiInf0, KiCP36, Ki8, ChiCP49, and AtomCompMean were found to influence oral bioavailability of the compounds. The molecular descriptors used in QSAR encode information about the structure, branching, electronic effects, chains, and rings of the modules and thus implicitly account for cooperative effects between functional groups. Applicability domain was defined to identify the reliable predictions. A virtual screening study has been conducted to help researchers to design novel chemistry driven molecules with desired characteristics.
